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Genome-wide association studies (GWAS) have provided valuable insights into the genetic
basis of complex traits. However, they have explained relatively little trait heritability.
Recently, we proposed a new analytical approach called regional heritability mapping
(RHM) that captures more of the missing genetic variation. This method is applicable
both to related and unrelated populations. Here, we demonstrate the power of RHM in
comparison with single-SNP GWAS and gene-based association approaches under a wide
range of scenarios with variable numbers of quantitative trait loci (QTL) with common
and rare causal variants in a narrow genomic region. Simulations based on real genotype
data were performed to assess power to capture QTL variance, and we demonstrate
that RHM has greater power to detect rare variants and/or multiple alleles in a region
than other approaches. In addition, we show that RHM can capture more accurately the
QTL variance, when it is caused by multiple independent effects and/or rare variants. We
applied RHM to analyze three biometrical eye traits for which single-SNP GWAS have
been published or performed to evaluate the effectiveness of this method in real data
analysis and detected some additional loci which were not detected by other GWAS
methods. RHM has the potential to explain some of missing heritability by capturing
variance caused by QTL with low MAF and multiple independent QTL in a region, not
captured by other GWASmethods. RHM analyses can be implemented using the software
REACTA (http://www.epcc.ed.ac.uk/projects-portfolio/reacta).
Keywords: common and rare variants, GWAS, regional heritability mapping, multiple independent effects, missing
heritability
INTRODUCTION
Genome-wide association studies (GWAS) have provided valu-
able insights into the genetic basis of complex traits. However,
the reported SNPs associated with a trait typically explain only
a small proportion of genetic variance. For example, the heri-
tability of human height is about 80% (Visscher et al., 2008),
but the SNPs significantly associated with height explain only
10% of the phenotypic variance (Lango Allen et al., 2010). This
has been called the “missing heritability” problem (Maher, 2008).
Recently, Yang et al. (2010) showed that 45% of the phenotypic
variance for human height is accounted for by common SNPs,
and the difference between 10 and 45% was due to many SNPs
with small effects that fail to reach significance in GWAS. Yang
et al. (2010) suggested that the remaining variance evaded cap-
ture due to imperfect linkage disequilibrium (LD) between the
genotyped SNPs and causal variants. Causal variants may have
lower minor allele frequency (MAF) than genotyped SNPs if they
are subject to purifying natural selection. In this case the varia-
tion explained by the genotyped SNPs will be lower than that due
to causal variants because of low LD. A pressing need is analytical
approaches adapted to capturing genetic variation due to causal
variants with low MAF.
Recent studies have shown that multiple independent loci with
different allele frequencies and effects are often located on the
same gene region or narrow segment region. For example, seven
independent alleles at 8q24 region affect prostate cancer (Haiman
et al., 2007), three at the IRF5 gene affect systemic lupus ery-
thematosus (Graham et al., 2007), and two at the IL23R gene
affect Crohn’s disease (Duerr et al., 2006). Such loci may escape
detection by single SNP analyses if the individual allele effects
are not large enough to be detected even though the cumula-
tive effect of the whole locus on trait variance is quite large.
An alternative method to analyze GWAS data is to consider
an association between a trait and a composite P-value gener-
ated by all markers within a segment of the genome or a gene
region, as opposed to individual SNPs. For a gene region, this
method is called gene-based association (Neale and Sham, 2004),
and can potentially increase the power to identify a causal gene
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that harbors several functional alleles. A new variance compo-
nent approach called regional heritability mapping (RHM) that
screens the genome by analyzing small regions has been suggested
to capture more of the missing genetic variation (Nagamine et al.,
2012). In RHM, a mixed model framework based on restricted
maximum likelihood (REML) is used, and two variance com-
ponents, one contributed by the whole genome and a second
one by a specific genomic region, are fitted in the model to
estimate genomic and regional heritabilities, respectively. RHM
facilitates the capture of genetic variation that is associated with
each segment of the genome by combining the effects of both
common and rare variants in a region. By analyzing real data,
Nagamine et al. showed that the results of RHM are corre-
lated with results from GWAS but capture more of the missing
genetic variation and identify additional quantitative trait loci
(QTL).
The objective of this study is to investigate the effectiveness
of RHM to capture QTL variance that is potentially not detected
by single-SNP GWAS and gene-based association analyses. Such
variance may be due to low MAF alleles and multiple indepen-
dent QTL with small effects located on a narrow genomic region.
We investigated the power to detect significant regions and accu-
racy of estimating regional heritability using simulation based on
real genotype data from a human population. We used imputa-
tion to generate a dense map of SNPs from which to randomly
select subsets at different frequencies to represent causative vari-
ants (QTL) in our simulations, using only the genotyped SNPs in
the analyses. We studied the impact of different window sizes in
RHM on its power and accuracy, and compared them to those
of other methods that include single-SNP GWAS and a range
of gene-based association approaches under several different sce-
narios. In addition, we also applied a RHM to analyze three eye
traits to evaluate the effectiveness of this method in real data
analysis.
MATERIALS AND METHODS
POPULATION AND SNP ARRAY INFORMATION USED IN THE
SIMULATION STUDY
Samples were available from two Croatian cohorts recruited
from two Dalmatian islands, Vis and Korcula, and both cohorts
were approved by the Ethical Committee of the Medical School,
University of Zagreb and the Multi-Centre Research Ethics
Committee for Scotland. All participants gave written informed
consent. The cohorts are usually referred to as CROATIA-Vis and
CROATIA-Korcula, but will be referred to as Vis and Korcula in
the remaining of the manuscript.
DNA samples were genotyped using the Illumina Human
Hap300 (282,415 autosomal SNPs) for Vis and Illumina CNV370
(302,507 autosomal SNPs) for Korcula. Our quality control pro-
tocol excluded SNPs with MAF <0.0005, call rate <0.98 or
Hardy–Weinberg equilibrium (HWE) P-value< 1.0 × 10−6. The
exclusion criterion for individuals was call rate <0.97. A total of
269,706 SNPs on autosomal chromosomes were common to Vis
and Korcula samples and were used in this study. In total, 953
individuals passed all quality control thresholds from Vis and 898
from Korcula, and the total of 1851 individuals were then used in
the simulation study.
SNP IMPUTATION FOR SIMULATION ANALYSIS
SNPs were imputed to provide a dense map from which to
select simulated causative variants (QTL). SNP imputation was
performed using the IMPUTE2 program (Howie et al., 2009),
incorporating 1000 Genomes Phase I (interim) data as refer-
ence panel for the Vis and Korcula genotypes, respectively. This
imputation yielded posterior probabilities for genotypes at ∼35
million SNPs, and an estimate of imputation quality [IMPUTE2-
info score ranging from 0 (low confidence) to 1 (high con-
fidence)]. Imputed SNPs were assigned to one of two groups
depending on their IMPUTE2-info score (high_info group: 0.7 ≤
IMPUTE2-info score≤ 1.0 and low_info group: 0.0≤ IMPUTE2-
info score ≤ 0.5) in both populations. IMPUTE2 gives posterior
probabilities for all three genotypes at each locus for each indi-
vidual. Individual genotypes at each imputed SNP locus were
randomly assigned according to the posterior probabilities for
the three genotypes from IMPUTE2. These imputed SNPs were
then assessed by the exclusion criteria of very rare MAF <0.0005
and HWE P-value < 1.0 × 10−6. The total number of selected
SNPs were 3,793,540 SNPs in the low_info group and 6,704,137
SNPs in the high_info group. Comparison of imputed SNPs in the
high_info group with the same SNPs genotyped on a commercial
exome array indicates that the LD structure of the real popula-
tion is well-represented by the imputed SNPs (see Figure S1 in
Supplementary Material).
GENERATING PHENOTYPES UNDER THE NULL HYPOTHESIS
We simulated phenotypes under the null hypothesis based on
the observed genotype data of 1851 individuals at 269,706 SNPs.
The phenotypes under the null hypothesis were simulated using
a polygenic model in which all SNPs were assumed to have a
very small effect on the phenotype. The polygenic model was
yi =∑nj xijbj + ei, where xij is the genotype for j-th causal vari-
ant of the i-th individual (coded as 1, 2, or 3), bj is the allele
effect of the j-th causal variant generated from N(0, 1), and
ei is the residual effect generated from N(0, σ2g(1/h
2 − 1)). σ2g
is the total genetic variance of
∑n
j xijbj and h
2 is the setting
value of genome heritability. Three setting values of genome her-
itability (h2 = 0.20, 0.40, and 0.80) were used for generating
phenotypes. These generated phenotypes were under the null
hypothesis of no phenotype-window correlation (i.e., there was
no significant effect for RHM), and were then used for simu-
lation analysis (see the details in Figure S2 in Supplementary
Material).
SIMULATION DESIGN AND ANALYSES
The genotyped and imputed SNPs were assigned to genomic
regions on the basis of their location in 1000 Genomes Phase
I (interim) information. Once the polygenic background was
simulated based on the genotyped SNPs as described above, we
added to it regional effects, based on the simulated genotypes
at imputed SNPs. For imputed SNPs, two MAF categories were
defined as low MAF (MAF< 0.10) and high MAF (MAF ≥ 0.10),
respectively. We carried out simulations in the high_info and
low_info imputed SNPs categories. The parameters considered in
the simulation are summarized in Table 1, and shown in detail
below.
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Table 1 | Settings criteria in the simulation study.
Condition Criteria
Low_info group High_info group
Minor allele frequency Low MAF
(0.0005 < MAF < 0.10)
Low MAF (0.0005 <
MAF < 0.10), high MAF
(0.10 ≤ MAF ≤ 0.50)
Number of QTL 1, 5, 10 1, 5, 10
QTL heritability 0.05 0.025, 0.050
Genome heritability 0.20, 0.40, 0.80 0.20, 0.40, 0.80
The division of the genome into regions was based on numbers
of genotyped markers. A window containing 100 adjacent geno-
typed SNPs was named as win100. A total of 2686 win100 without
overlap covered the autosomes and from these 300 win100s were
randomly picked for the simulation analysis. Each win100 was
divided equally into 10 10-SNP-windows (named as win10). One
win10 was randomly selected from the six centermost win10s of
a win100, and assumed as a gene region (i.e., we simulated causal
variants in the chosen win10). This gene region contained at least
10 imputed SNPs with high MAF or low MAF. Of these 1, 5, or
10 with either high MAF or lowMAF were randomly selected and
assumed as QTL with joint heritabilities of either 0.025 or 0.05,
which are based on the proportion of total genetic variance gen-
erated under the null hypothesis. The effect of these selected SNPs
was generated, and then added to the phenotypic value generated
under null hypothesis and an error value to generate a new pheno-
typic value with genome heritability (0.20, 0.40, and 0.80). Each
selected SNP had an equal effect (and a randomly selected effect
direction) that contributed to the total (“joint”) QTL variance.
Each win100 was divided equally into 2, 5, and 10 windows, and
each window with 50 SNPs (named as win50), 20 SNPs (named as
win20) and 10 SNPs, respectively, was then used to calculate the
power to detect QTL and estimate regional heritability in order to
assess the optimum analysis window size for these simulated data.
Average window length across all autosomal chromosomes was
1030.2 kbp for win100, 515.1 kbp for win50, 206.0 kbp for win20,
and 103.0 kbp for win10.
A total of 18 RHM analyses were performed per 100-SNP
window (1 win100, 2 win50, 5 win20, and 10 win10 analyses),
and a P-value of win100 and the minimum P-values results of
win50, win20, and win10 were selected in each window size.
To determine the threshold value of win100, win50, win20, and
win10, a Bonferroni correction was applied by using 2686 win-
dows, 5372 windows, 13,430 windows, and 26,860 windows,
respectively. The power to achieve 5% genome-wide significance
was calculated as the proportion of replicates with a significant
window for each window size, genomic heritability, number of
QTL, IMPUTE2-info score levels, MAF, and QTL heritability. The
regional heritability and minimum P-value were also computed
in all replicates for win100, win50, win20, and win10, and the
average value of estimated regional heritability in all simulation
replicates was calculated for each window size.
We wanted to compare the power and estimated regional
heritability of RHM and a range of single SNP or gene-based
association methods. We used two single-SNP GWAS analyses
based on the Genome-wide rapid association using mixed
model and regression (GRAMMAR) method (Aulchenko et al.,
2007) and the genome-wide efficient mixed-model association
(GEMMA) method (Zhou and Stephens, 2012). GRAMMAR is
a two-step method that first estimates the residuals from mixed
model without a SNP effect and then treats these residuals as
corrected phenotypes for GWAS by simple linear regression.
GEMMA is an exact mixed model approach that tests for asso-
ciation efficiently by using the mixed model with a SNP effect at
one step. The whole genomic relationship matrix used in RHM
was also used to perform the GRAMMAR and GEMMA anal-
yses. The minimum P-values of GWAS were recorded in each
win100 replicate. The P-value of thresholds for genome-wide sig-
nificance came from the Bonferroni correction accounting for
268,600 SNPs, and the power to achieve 5% genome-wide sig-
nificance was calculated as the proportion of replicates with a
significant association. The heritability at the most significant
SNP was calculated assuming Hardy–Weinberg proportions for
the SNP genotypes; SNP heritability at the SNP with the mini-
mum P-value, h2SNP, was calculated as h
2
SNP = 2p(1 − p)b2/σ2,
where p was the SNP MAF, b was the SNP effect (regression
coefficient estimated from the analysis), and σ2 was the resid-
ual variance for GRAMMAR and the phenotypic variance for
GEMMA (Falconer and Mackay, 1996). An average value of SNP
heritability across simulation replicates was calculated for the
GRAMMAR and GEMMA analyses.
To investigate the power of RHM and other GWAS methods
that consider several variants in a (gene) region simultaneously,
we analyzed the data using three recently reported gene-based
association tests. These GWAS methods implement gene-based
association approaches which consider an association between
a trait and all markers within a gene rather than each marker
individually, and generate one new P-value as a representative
value of the gene. These methods can account for the number of
independent effects within a gene. Three gene-based association
approaches were as follows:
A versatile gene-based test for genome-wide association stud-
ies (VEGAS): VEGAS proposed by Liu et al. (2010) sums the
SNP-based chi-square test statistics from all the SNPs within a
gene and then corrects the sum for LD to generate a gene-based
test statistic. VEGAS requires the pairwise LD correlation matrix
of the SNPs from HapMap genotype information calculated by
the PLINK software (Purcell et al., 2007). In this study, a custom
set of individual genotypes was used to estimate an LD correla-
tion matrix by using genotype data from our population, instead
of HapMap genotype information, because the selected region is
not a gene locus. The VEGAS test was performed by using the
P-values obtained from GEMMA analysis.
Sequence kernel association test (SKAT): As a kernel machine
based test, SKAT proposed by Wu et al. (2011) aggregates genetic
information across the region using a kernel function and uses a
computationally efficient variance component test to test for asso-
ciation. This method has an advantage if the causal mutation is
rare. SKAT’s power is greater than that of several burden tests such
as the cohort allelic sum test (Morgenthaler and Thilly, 2007). In
this study, the GRAMMAR method was used obtain a phenotype
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adjusted for population stratification that was then used in SKAT
analysis. We used the default beta (1, 25) weight in this study.
Canonical Correlation Analysis (CCA): Tang and Ferreira
(2012) explored the gene-based association test using canonical
correlation to test multiple SNPs for association with a single
or multiple phenotypes measured in unrelated individuals. CCA
removes any multicollinearity between SNPs by accounting for
pairwise (LD) correlations and variance inflation factor, calculates
canonical correlations between selected SNPs and phenotypes,
and tests the significance of all canonical correlations. Tang and
Ferreira (2012) showed that the power of this method was greater
than that of GWiS (Huang et al., 2011) and single-SNPGWAS.We
used the GRAMMAR-adjusted phenotypes as input in the CCA
analysis.
In our simulated 300 “gene regions,” for the high_info group,
RHMwith win10, single-SNPGWAS by GEMMA and three gene-
based association approaches were performed, and the power
to achieve 5% genome-wide significance was calculated. For
single-SNP GWAS, only GEMMA was performed in this analysis,
because the power to detect QTL using GEMMAwas greater than
that obtained using GRAMMAR in all simulations (see Results),
and the minimum P-value was calculated in a gene region. For
the low_info group, there was no significant result for any meth-
ods in all simulations (see Results), and therefore results of these
analyses are not presented.
REGIONAL HERITABILITY MAPPING
We performed RHM based on two-step variance component
method described by Nagamine et al. (2012) using ASReml soft-
ware (Gilmour et al., 2006). The mixed model is as follows;
y = 1nμ + Xu + Zw + e (1)
where y is the vector of phenotypic values and X and Z are the
design matrices for random effects. 1n is a vector of 1s and μ is
the mean. u ∼ N(0,Gσ2u) is the whole genomic additive genetic
effect, w ∼ N(0,Qσ2w) is the regional genomic additive genetic
effect and e ∼ N(0, Iσ2e ) is the residual effect. MatricesG,Q, and I
are a whole genomic relationship matrix, a regional genomic rela-
tionship matrix using SNPs within the short region of genome,
and an identitymatrix, respectively. Elements ofmatricesG andQ
are based on genomic kinship and inbreeding coefficient between
individual i and j using identity by state (IBS), and element fij of
both G and Q is defined as follows,
fij = 2
n
n∑
k= 1
(xik − pk)(xjk − pk)
pk(1 − pk) , (i = j)
fij = 1 + 1
n
n∑
k= 1
Obs(#hom)ik − E(#hom)k
1 − E(#hom)k , (i = j)
where xik (xjk) is the genotype of the i-th (j-th) person at the
k-th SNP (coded as 0, 0.5, and 1 for AA, AB, and BB, respec-
tively). Here n represents the total genomic SNPs for matrix G or
the number of SNPs in the region for matrix Q. The frequency
pk is for the B allele at the k-th SNP, and n is the number of
SNPs. Obs(#hom)ik and E(#hom)k are the observed and expected
number of homozygous genotypes in the i-th person at the k-th
SNP. Regional heritability h2RH and genome heritability h
2
GH are
calculated as follows,
h2RH =
σ2w
σ2u + σ2w + σ2e
h2GH =
σ2u
σ2u + σ2w + σ2e
where σ2u, σ
2
w, σ
2
e are whole genome additive genetic vari-
ance, regional genomic additive variance, and residual variance,
respectively.
TEST STATISTICS AND THEIR DISTRIBUTION
To test for the presence of QTL effect against the null hypothesis
(no regional variance) at a test region (window), the likelihood
ratio test statistics (LRT) = −2 ln(L0–L1) was calculated, where
L0 and L1 represent the likelihood values under the hypothesis of
no presence (H0) and presence (H1) of regional variance, respec-
tively. The L1 was calculated by using the model (1), and the
L0 was calculated by using the following mixed model (2) that
does not include regional genomic additive genetic effect from the
model (1).
y = 1nμ + Xu + e (2)
Statistical theory states that the LRT follows aχ2 distribution with
the degrees of freedom equal to the number of random param-
eters being tested (Wilks, 1938). However, for testing a single
variance component in a REML context, the asymptotic distri-
bution of the LRT under the null hypothesis follows a mixture of
χ2 distributions with different degrees of freedom (e.g., Visscher,
2006). Hence for the RHM method, the LRT follows a 50:50
mixture distribution, where one mixture component is a peak
at 0 and the other component is a χ21 distribution (Nagamine
et al., 2012). In this study, phenotypes under the null hypothe-
sis were generated, and LRTs for each non-overlapping win100
were calculated to obtain an empirical distribution of −log10(P-
value) under the null hypothesis and compared with the the-
oretical distribution. The results show that the 50:50 mixture
distribution is more appropriate (see Figure S2 in Supplementary
Material).
ANALYSES OF REAL POPULATION DATA ON THREE BIOMETRICAL EYE
TRAITS
To illustrate the applicability of RHM in the real population
data, we considered three eye traits measured in four populations
[three Croatian (CROATIA-Vis, CROATIA-Korcula, CROATIA-
Split) and one from Orkney (ORCADES), including axial length
(AL), central corneal thickness (CCT), and spherical equiva-
lent refraction (SER)]. These are quantitative endophenotypes
related to common eye disorders; AL and SER are related to
incidence of myopia and hyperopia and CCT is related to the inci-
dence of corneal disorders and probably glaucoma. All cohorts
have contributed to large single-SNP GWASmeta-analyses efforts
studying these phenotypes (Lu et al., 2013; Verhoeven et al.,
2013). All the Croatian cohorts (that will be referred from here as
Vis, Korcula, and Split) received ethical approval from the Ethics
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Committee of the Medical School, University of Split and the
NHS Lothian (South East Scotland Research Ethics Committee).
The ORCADES cohort, referred to as Orkney from now on
received ethical approval from the NHS Orkney Research Ethics
Committee and North of Scotland Research Ethics Committee.
All studies followed the tenets of the Declaration of Helsinki
and all participants gave written informed consent. A total of
2245 individuals for AL, 2261 individuals for CCT, and 2251
individuals for SER were measured, and descriptive statistics
for these three traits were shown in Table S1 in Supplementary
Material. The Vis cohort genotyping was performed using the
Illumina HAP300v1 SNP array, the Korcula and Split cohorts
were genotyped using the Illumina HAP370CNV SNP array, and
the Orkney cohort used the Illumina HumanHap300 beadchip.
A total of 3210 individuals in four populations were genotyped
(the number of individuals in each population is shown in
Table S1 in Supplementary Material). A total of 344,065 SNPs
with overlap among four populations were assessed by the same
protocol as above, and 272,315 SNPs on autosomal chromosomes
passed the quality control (the number of SNPs in each chro-
mosome is shown in Table S2 in Supplementary Material). We
performed single-SNP GEMMA analysis and RHM across the
whole genome to detect any significant regions. To account for
non-genetic effects in these two analyses, population, and sex
were included as fixed effects, and age (and height in AL) was
used as a covariate in these analyses. The significance thresh-
old value for single-SNP GEMMA was determined by Bonferroni
correction with 272,315 SNPs. For RHM, we applied a two-step
approach to reduce computation. At first, RHM with win100
was performed across all autosomes. The window was shifted
every 50 SNPs to overlap a region, and a total of 5412 win-
dows were tested across chromosomes. In the second step, the top
100 win100s with higher LRT were selected from all 5412 win-
dows, and then each win100 was divided equally into 10 win10s
and 5 win20s, and RHM with win10 and win20 was performed.
To evaluate the power of other GWAS methods, the windows
with P-value < 1.0 × 10−5 in RHM analyses were then ana-
lyzed by three gene-based association approaches (VEGAS, CCA,
and SKAT), and the window was assumed as a “gene region”
in these methods. The methodologies of these gene-based asso-
ciation approaches were the same as above. To determine the
significance threshold value of RHM and the three gene-based
association approaches with win20 and win10, the Bonferroni
correction was applied by using 27,060 and 54,120 windows,
respectively.
RESULTS
IMPUTED SNPs
After removing markers with the exclusion criteria we have
described, a total of 6,704,137 SNPs in the high_info group and
3,793,540 SNPs in the low_info group were available. Table 2
shows the summary of imputed SNP number within a win10
region for low_info and high_info groups. In the low_info group,
almost all SNPs had low MAF, and therefore only SNPs with
low MAF were used in the simulation. In the high_info group,
45% of SNPs had low MAF and 55% of SNPs had high MAF.
Table 2 | Total number of imputed SNPs and summary of SNP
number in a window containing 10 genotyped SNPs (win10) for two
different IMPUTE2-info scores in the simulation study.
IMPUTE2-info Total number Number of SNPs in win10
score of SNPs
Total Low MAF High MAF
Low_info group 3,793,540 Mean 141 140 1
Max 3749 3241 508
Min 0 0 0
High_info group 6,704,137 Mean 250 112 138
Max 5126 1965 3161
Min 0 0 0
FIGURE 1 | Distribution of minor allele frequencies (MAFs) for
genotyped and imputed SNPs. The distributions of MAF for imputed
SNPs within the high_info group and for genotyped SNPs in this population
are shown. The x-axis indicates the MAF of both groups of SNPs. The y-axis
represents the proportion of SNPs in each MAF category.
The density distributions of MAF for imputed SNPs within the
high_info group and for genotyped SNPs are plotted in Figure 1.
The MAF distribution shows a very low ratio of genotyped to
imputed SNPs at low MAF, pointing to the difficulty of captur-
ing genetic variance if imputed SNPs at low MAF are assumed to
be QTL.
THE POWER OF RHM AND SINGLE-SNP GWAS IN THE 100-SNP
WINDOW
In the low_info group, there was no significant replicate in all
simulations, indicating that the power was low for both methods.
For the high_info group, the power to detect QTL for the pheno-
type with genome heritability 0.4 is shown in Figure 2. For RHM,
as the number of QTL increased, the power to detect QTL was
almost constant in all simulated scenarios, except when the QTL
had low MAF and 0.05 QTL heritability. For RHM, using smaller
window sizes (win10 and win20) yielded greater power than using
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FIGURE 2 | The power to achieve 5% genome-wide significance and
estimated regional heritability in the 100-SNP window. The powers (A)
and estimated regional heritabilities (B) in the simulation study for genome
heritability 0.4 were calculated by RHM with four different window sizes (100
SNPs as win100, 50 SNPs as win50, 20 SNPs as win20, and 10 SNPs as
win10), and two single-SNP GWAS methods (GRAMMAR and GEMMA) in
the different situations. The number of QTL is on the x-axis, and the power to
detect QTL (A) or the estimated regional heritability (B) are on the y-axis.
Each graph shows the different situations for genome heritability 0.4 (QTL
heritability is 0.05 or 0.025, and MAF is high or low).
larger window sizes (win50 and win100), and the difference in
power among window sizes was almost the same for different
numbers of simulated QTL. There was no significant difference
in power among simulations with different genome heritabil-
ity (see Figure S3 in Supplementary Material). For single-SNP
GWAS, as the number of QTL increased, the power to detect
QTL decreased, except for QTL with low MAF and 0.05 QTL
heritability, where it increased as was also the case for RHM.
Changes in genome heritability, had no large impact in power
for the GEMMA analyses, but the power of GRAMMAR analy-
ses decreased as the genome heritability increased (see Figure S3
in Supplementary Material). The difference in power between
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RHM and single-SNP GWAS varied with QTL MAF. For high
MAF QTL, the power of single-SNP GWAS was greater than
that of RHM when the number of QTL was one. But as the
number of QTL increased, the power of RHM was greater than
that of single-SNP GWAS. For low MAF, the power of RHM
was higher than that of single-SNP GWAS for 0.05 QTL her-
itability, but lower for 0.025 QTL heritability for all numbers
of QTL.
THE ESTIMATED REGIONAL HERITABILITY OF RHM AND SINGLE-SNP
GWAS IN THE 100-SNP WINDOW
In the high_info group for a genome heritability of 0.40, the esti-
mated regional and genome heritabilities are shown in Figure 2
and Table S3 in Supplementary Material, respectively. For all
methods the mean heritability captured was less than that actu-
ally simulated but RHM generally captured a substantially greater
proportion than GEMMA, the best of the single SNP meth-
ods, although RHM and GEMMA captured a similar proportion
of simulated heritability when there was a single high MAF
QTL. For RHM, as the number of QTL increased, the esti-
mated regional heritability remained almost constant (averag-
ing about 80% of the amount simulated) for QTL with high
MAF, but it increased slightly with the number of QTL at low
MAF (averaging around 60% of the amount simulated). Overall,
there were no large differences in the amount of heritability
captured by RHM using different window sizes and no over-
all trend in the size of window capturing most heritability.
There was also no big difference for estimated regional her-
itability with different genome heritabilities (see Figure S4 in
Supplementary Material). For single-SNP GWAS, as the number
of QTL increased, the estimated regional heritability decreased
for high MAF QTL, but was almost constant for low MAF
QTL. On average GEMMA estimates of the QTL heritability
were almost 80% of that simulated for a single high MAF
QTL, but the estimates dropped to around 60% of the simu-
lated values for 5 or 10 high MAF QTL and were only about
40% of the simulated values for 1, 5, and 10 simulated low
MAF QTL. Varying the genome heritability produced no big
difference in the QTL heritability captured by GEMMA. As
the simulated genome heritability increased, the regional her-
itability estimated by GRAMMAR decreased (see Figure S4 in
Supplementary Material). Table S3 in Supplementary Material
also showed the genome heritability estimated by model (2). The
genome heritability estimated for high MAF was close to the sim-
ulated value, but genome heritability was underestimated for low
MAF QTL.
THE POWER OF RHM AND OTHER METHODS IN THE GENE REGION
For the genome heritability of 0.40, Figure 3 shows the results
of power for RHM with win10, single-SNP GWAS (GEMMA),
and three gene-based association approaches (VEGAS, SKAT,
and CCA) in a gene region. The power of RHM was higher
than that of all other methods for most simulation conditions,
with the exception of the single QTL with 0.025 heritability, for
which GEMMA had slightly higher power than RHM. As the
number of QTL increased, the power to detect QTL generally
remained almost constant or slightly reduced in all methods,
FIGURE 3 | The power to achieve 5% genome-wide significance in the
gene region. The powers in the simulation study for genome heritability
0.4 were calculated by RHM with window size 10 (RHM), single-SNP
GWAS (GEMMA), and three gene-based association approaches (VEGAS,
CCA, and SKAT) in the different situations. The number of QTL is on the
x-axis, and the power to detect QTL is on the y-axis. Each graph shows the
different situations for genome heritability 0.4 (QTL heritability is 0.05 or
0.025, and MAF is high or low).
but it increased slightly for all methods with low MAF and
0.05 QTL heritability. As for the other methods, CCA was the
most powerful for QTL with high heritability, and GEMMA was
the most powerful for QTL with low heritability. The power of
VEGAS and SKATwas the lowest for QTL with lowMAF and high
MAF, respectively. The magnitude of the genome heritability had
no great impact of on the power of RHMorGEMMAbasedmeth-
ods (single-SNP GWAS and VEGAS), but the power of meth-
ods using GRAMMAR-adjusted phenotype (SKAT and CCA)
decreased as the genome heritability increased (see Figure S5 in
Supplementary Material).
The Venn diagrams for comparisons of the significantly asso-
ciated regions identified by three different methods (RHM,
GEMMA, and gene-based association approach) are shown in
Figure 4. As the number of QTL increased, the probability
that QTL were detected only by RHM increased. For GEMMA
and gene-based association approaches, as the number of QTL
increased, the power to detect QTL by each method increased for
lowMAF but decreased or stayed constant for high MAF. In addi-
tion, RHM identifies some additional loci, even where GEMMA
has higher power than RHM as is the case for the single QTL with
0.025 heritability. By using RHM and GEMMA, more than 90%
of the QTL which were detected in all methods can be captured in
all simulations.
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FIGURE 4 | Venn diagrams for comparisons of the significantly
associated gene regions identified by three different methods. The
percentages in circles are the proportions of the significantly associated
gene regions identified by three different methods: blue circles for RHM,
read circles for single-SNP GWAS (GEMMA), and green circles for
gene-based association approaches including VEGAS, CCA, and SKAT
(Gene-based association). Percentages in purple represent the significant
replicates shared by all three methods, percentages in black represent the
significant replicates shared only by two methods, and percentages in
other colors are the significant replicates identified only by the
corresponding method. The percentages in the squares are the proportion
of not-significantly associated replicates. Each Venn diagram shows the
different situations for genome heritability 0.4 (Number of QTL is 1 or 10,
QTL heritability is 0.05 or 0.025, and MAF is high or low).
ANALYSES OF REAL POPULATION DATA ON THREE BIOMETRICAL EYE
TRAITS
Quantile-quantile plots for the GEMMA results shown in
Figure S6 in Supplementary Material demonstrate that
population stratification was successfully accounted by this
method. Genome-wide plots of P-values for AL, CCT, and
SER by GEMMA are shown in Figure S7. For GEMMA, two
significant SNPs were detected for CCT, the significant SNPs
being rs1536482 (P-value = 1.0 × 10−7) on chromosome 9
and rs12447690 (P-value = 3.3 × 10−11) on chromosome 16.
These hits represent the RXRA-COL5A1 and ZNF469 loci as
reported by Vitart et al. (2010) and both replicated in multiple
studies (Lu et al., 2013). For RHM, the top 100 win100s with
higher LRT were selected for further analysis using win10 and
win20. The results from these latter analyses that gave P-values<
1.0 × 10−5 are given in Figure 5 and Table 3. For AL, there
was no significant region, but a novel region with a P-value
< 1.0 × 10−5 was detected on chromosome 10 by RHM with
win10. For CCT, there was a significant region on chromosome
16 that included the significant SNP detected by GEMMA and
with the ZNF469 gene located near this region (Figure S8 in
Supplementary Material). For SER, there were two significant
novel regions [unreported in the largest single-SNP GWAS
meta-analyses published by Verhoeven et al. (2013); Kiefer et al.
(2013)] detected by RHM with win20 on chromosome 2 and
with win10 on chromosome 10, this latter was the same region
as detected for AL, a trait phenotypically correlated to SER. On
chromosome 2, the two genes (CREG2 and RNF149 loci) and
four genes (CREG2, RNF149, SNORD89, and C2orf29 loci) were
located within win10 with the lowest P-value and the significant
win20, respectively, and there was no coding gene in the signif-
icant region of chromosome 10 (Figure S8 in Supplementary
Material). On chromosome 9, the RXRA-COL5A1 locus detected
by GEMMA was not significant by RHM. To evaluate the power
of three gene-based association approaches, these windows were
analyzed, and the results were shown in Table 3. The significant
region was detected by VEGAS on chromosome 16, but there
were no other significant regions detected by VEGAS or other
methods (SKAT and CCA).
DISCUSSION
Nagamine et al. (2012) introduced a new variance component-
based mapping methodology, referred to as regional genomic
relationship mapping or RHM, to localize some of the genetic
variation that cannot be detected by single-SNP GWAS analy-
ses. Here, we study in depth the implementation and power of
RHM in a range of circumstances. In particular, we describe the
power to detect regions harboring different numbers of QTL
with different MAFs (common and rare) explaining different
proportions of the trait variance and the accuracy for estimat-
ing regional heritability. We also compare these results to those
obtained using a range of single-SNPGWAS and gene-based asso-
ciation approaches. In addition, we applied RHM to the analysis
of eye traits to show the effectiveness of this method.
Our simulation was based on real genotype data from a human
population in an attempt to accurately account for LD found in
real populations between marker SNP and QTL. Using imputed
SNPs as the simulated QTL allowed us to generate a number
of QTL in a region at both high and low MAF whilst retain-
ing the genotyped SNPs as the markers for analysis. As might be
expected, in our analyses of QTL based on poorly imputed SNPs
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FIGURE 5 | Comparisons of regional heritability mapping (RHM)
among different window sizes on a significant region for three eye
traits. Comparisons shown on the results of higher −log10(P-value)
(>5.0) for axial length (AL), central corneal thickness (CCT), and spherical
equivalent refraction (SER). (A) The results of AL on chromosome 10.
The plot shows the −log10(P-value) of 100-SNP-window number 161 for
RHM with win100 (Window161_100SNPs) and win20 (Window161_20
SNPs), 100-SNP-window number 162 for RHM with win100
(Window162_100SNPs) and win20 (Window162_20SNPs), and
100-SNP-window numbers 161 and 162 for RHM with win10 (10SNPs).
The red horizontal line is drawn at the 5% genome-wide significance for
RHM with win10. (B) The result of CCT on chromosome 16. The plot
shows the −log10(P-value) of 100-SNP-window number 156 for RHM with
win100 (Window156_100SNPs) and win20 (Window156_20 SNPs),
100-SNP-window number 157 for RHM with win100
(Window157_100SNPs) and win20 (Window157_20SNPs), and
100-SNP-window numbers 156 and 157 for RHM with win10 (10SNPs).
The red horizontal line is drawn at the 5% genome-wide significance for
RHM with win10. (C) The result of SER on chromosome 2. The plot
shows the −log10(P-value) of 100-SNP-window number 197 for RHM with
win100 (Window197_100SNPs) and win20 (Window197_20 SNPs),
100-SNP-window number 198 for RHM with win100
(Window198_100SNPs) and win20 (Window198_20SNPs), and
100-SNP-window numbers 197 and 198 for RHM with win10 (10SNPs).
The red horizontal line is drawn at the 5% genome-wide significance for
RHM with win20. (D) The result of SER on chromosome 10. The plot
shows the −log10(P-value) of 100-SNP-window number 161 for RHM with
win100 (Window161_100SNPs) and win20 (Window161_20 SNPs),
100-SNP-window number 162 for RHM with win100 (Window162_
100SNPs) and win20 (Window162_20SNPs), and 100-SNP-window
numbers 161 and 162 for RHM with win10 (10SNPs). The red horizontal
line is drawn at the 5% genome-wide significance for RHM with win10.
(information score <0.5) no method was able to detect the sim-
ulated QTL. With QTL simulated based on well-imputed SNPs
(information score >0.7) all methods we used had some power
and often they were quite similar. Nonetheless, overall RHM was
similar or greater in power to detect QTL than single SNP GWAS
and had greater power than other gene-based methods. In par-
ticular, RHM had greater power to detect low MAF QTL and/or
multiple independent QTL effects acting in a region than any
of the methods of single-SNP GWAS and gene-based associa-
tion approaches we tested, especially when RHM was performed
using smaller analysis window sizes. RHM also captured a larger
proportion of the QTL variance caused by multiple independent
QTL and/or low MAF QTL. Importantly, for QTL with low MAF,
RHM was capable of capturing more of the QTL variance than
single-SNP GWAS for all magnitudes of QTL heritability.
GEMMA had slightly higher power than RHM when we sim-
ulated a single QTL with 0.025 QTL heritability. However, even
in this case RHM found additional loci not detected by GEMMA.
RHM also had greater power to detect QTL than GEMMA when
several QTL in a region contribute trait variation and all have low
MAF.
The effect of QTL MAF was evaluated by simulating QTL in
the low MAF (MAF < 0.1) and high MAF (MAF ≥ 0.10) groups.
As the number of QTL per window increased, the power to detect
QTL also increased when the QTL had low MAF and 0.05 QTL
heritability (Figure 2 and Supplementary Figure S3). When a sin-
gle low MAF QTL is randomly selected, it is likely to be very rare
(as very rare SNPs are more common within the low MAF group
than moderately rare ones, see Figure 1) and hence not well-
captured by genotyped SNPs. When multiple (5 or 10) low MAF
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QTL are selected, one or more of the less rare ones within the
low MAF group may well be chosen. These will contribute much
of the variance and are likely to be better captured by genotyped
SNPs leading to increased power when there were more QTL per
window.
The power to detect QTL by RHM was greater than that
of the three gene-based association approaches studied. We
found that these gene-based association methods are strongly
affected by the QTL MAF. The power of VEGAS and SKAT
was greatly decreased for low MAF or high MAF QTL, respec-
tively. SKAT was developed as a rare-variant association test (Wu
et al., 2011), and uses a weighting scheme that upweights the
contribution of rare variants and downweights the contribu-
tion of common variants in its default setting. Therefore, this
default setting would be less powerful when variants have high
MAF. VEGAS corrects the test statistics by LD between geno-
typed SNPs (Liu et al., 2010), and this correction might lose
the power in the condition with low MAF because of incom-
plete LD between genotyped SNPs and QTL. In addition, these
methods are also affected by the genome heritability. In this sim-
ulation, GRAMMAR-adjusted phenotypes are used to correct the
effect of population stratification in SKAT and CCA, because
these methods are not designed within a mixed model frame-
work and cannot readily account for family relatedness among
samples. The power for high genome heritability is lower than
that for low genome heritability in these methods. But RHM was
also more powerful than all gene-based association approaches
at low genome heritability. For comparisons of the significant
regions identified by RHM, GEMMA, and gene-based associa-
tion approaches, more than 90% of the QTL can be captured
by only RHM and GEMMA. Therefore, we suggest that RHM
should be used as the complementary method which detects
a different set of QTL when the power to detect QTL is not
complete.
RHM has the potential to capture some of the “missing heri-
tability.” Yang et al. (2010) estimated that common SNP variation
explained more than half of the expected heritability of human
height, and suggested that missing heritability is due to imper-
fect LD between genotyped SNPs and causal variants. Yang et al.
(2010) also simulated a quantitative trait by randomly sampling
causal variants from the SNPs with MAF ≤ 0.10, and showed that
estimated genome heritability was underestimated in compari-
son with the true genome heritability. In this study, the genome
heritability estimated by model (2) for low MAF QTL was also
underestimated in comparison with that for high MAF QTL.
However, RHM captured more QTL variance with low MAF
QTL than single-SNP GWAS and hence may capture heritability
missed by single SNP GWAS.
Many explanations for the missing heritability have been sug-
gested: a large number of common variants with small effect, a
moderate number of rare variants with large effect, and some of
combination of genotypic, environmental and epigenetic inter-
actions (Manolio et al., 2009; Gibson, 2012). In this study, we
show that RHM has the potential to explain some of the miss-
ing heritability through identification of trait-associated lowMAF
QTL by using common SNPs. However, some genetic variance
could not be captured as some of the QTL variance is not in
LD with individual common SNPs. An alternative method to
capture QTL variance using common SNPs would be haplotype-
based association, and some of the unknown low MAF QTL
might be recovered by re-constructing haplotypes using com-
mon SNPs. However, some rare variants will be unique to
particular populations and it will be difficult to detect QTL
which are in linkage equilibrium with common SNPs. In this
case we suggest that using exome sequencing or exome geno-
typing arrays combined with RHM on these types of data
has the potential to capture even more of the missing vari-
ance.
In the study of real population data, some significant regions
were detected by single-SNP GWAS, RHM or gene-based associ-
ation approaches, corresponding to known loci but, additionally,
two loci were newly identified, only by RHM, for SER. For the first
one on chromosome 2, the P-value of win20 (SNP number 9871–
9890) was lower than that of win10 (SNP number 9881–9890),
and the win20 had high regional heritability 0.150 and contains
four loci genes not previously implicated in refractive error con-
trol. There, multiple independent QTL of low MAF might be
located on this narrow segment region. For the putative second
novel SER locus, on chromosome 10, the regional signal was also
suggestive for the phenotypically correlated trait AL making it
unlikely to be a false positive finding. The closest genome-wide
significant hit reported in the large GWAS meta-analyses of sim-
ilar traits (SER or myopia) is a megabase away [Myopia GWAS
SNP rs6480859 reported by Kiefer et al. (2013)] and although it is
unlikely that the two findings reflect the same causal signal, they
may highlight the same gene. Further analyses using other pop-
ulations will be needed to validate these findings but this may
be difficult if the variants are rare and their contribution to the
trait variance large enough to be detectable in specific populations
only. Functional analysis of the regions highlighted may also help
confirming involvement of these regions. In this study, the signif-
icant RXRA-COL5A1 CCT lead SNP on chromosome 9 detected
by single-SNP GWAS was not detected by RHM. These mirrored
the same trend as our simulation study, and also suggest that
RHM should be an important complementary method to single-
SNP GWAS, where multiple variants of low effect size and a range
of MAFs may be segregating.
Nagamine et al. (2012) introduced RHM approach, and we
present the effectiveness and implementation of RHM by assum-
ing QTL in a narrow segment region, evaluating the impact of
window size, and comparing with other single-SNP GWAS and
gene-based association approaches under many different condi-
tions. In addition, we detected some additional loci which were
not detected by single-SNP GWAS and gene-based association
approaches in real population data. We suggest in this study that
RHM using common SNPs has the potential to explain some of
missing heritability by capturing QTL variance with low MAF
and localizing multiple independent QTL in a segment region. In
conclusion, the results reported in this study support that RHM
is more powerful to detect QTL and capture QTL variance than
other single-SNP GWAS and gene-based association approaches
under most conditions in populations structured similarly to
those we studied, which include both related and unrelated
individuals.
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AUTHOR NOTE
For software capable of implementing Regional Heritability
Mapping (RHM) analyses in populations of related and/or
unrelated individuals, see REACTA: Regional Heritability
Advanced Complex Trait Analysis at http://www.epcc.ed.ac.uk/
projects-portfolio/reacta.
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abstract
Figure S1 | Average r2-value plotted against inter-marker distance and
Correlation plot. To evaluate the quality of SNP imputation in this study,
the difference of linkage disequilibrium (LD) between exome SNP and
imputed SNP was investigated to evaluate whether the relationship
between imputed SNPs is based on actual LD in this population or linkage
equilibrium (LE). A total of 820 DNA samples from 898 Korcula samples
were genotyped using the Illumina HumanExome-12v1 SNP array, that
genotypes in excess of 250,000 exonic variants. These exome SNPs were
then assessed by the exclusion criteria of minor allele frequency
(MAF) <0.0005, call rate <0.98 and Hardy–Weinberg Equilibrium
(HWE) < 1.0 × 10−6; SNPs included in Illumina CNV370 array were also
excluded. A total of 7283 SNPs which were included in the low_info group
and 25,313 SNPs in the high_info group were extracted from the exome
array data. We estimated r2, a measure of LD, for all segregating pairs of
SNPs less than 10 Mbp apart in each of these groups using the PLINK
software (Purcell et al., 2007). Average r2-values for a given inter-marker
distance, with markers distances grouped in 250 bp bins, were calculated
in each autosome and plotted for each group. For the high_info group,
r2-values for low MAF (MAF <0.10) and high MAF (MAF ≥ 0.10) SNPs
were also calculated and plotted. The imputed SNPs for individuals with
corresponding exome SNP data were extracted from the imputed SNP
data, and r2-values were calculated as above. The correlation of r2-values
obtained from genotyped SNPs (i.e., exome array data) and imputed SNPs
was also estimated. The average r2-value was plotted against inter-SNP
distance for exome SNPs and imputed SNPs in (A), and the correlation of
r2-value between exome SNPs and imputed SNPs was also plotted in (B).
In the high_info group, 12,636 SNPs with low MAF and 12,677 SNPs with
high MAF were also used to calculate r2-values separately and then
plotted. In the low_info group, there was no relationship between r2-value
and marker distance, and no correlation of r2-value between exome SNPs
and imputed SNPs. This result indicates that a high proportion of these
exome and imputed SNPs in low_info group are estimated to be in linkage
equilibrium (LE). On the other hand, in the high_info group, the r2-value in
shorter inter-marker distances was higher than that in greater inter-marker
distances, and there was high correlation of r2-values between exome
SNPs and imputed SNPs. For the high_info group, the results within each
MAF showed the same trend as the result for all SNPs and are not shown.
The distribution and correlation of r2-values for high MAF was tighter than
that for low MAF. In addition, the slopes of correlation in the high_info
group were about 1.0 in all results, and the magnitude of LD between
exome SNP and imputed SNPs was almost the same. This result indicates
that the LD structure of the real population is still preserved in these
imputed SNPs. (A) Average r2-value plotted against inter-marker distance
for exome SNPs and imputed SNPs. The inter-marker distance grouped in
250 bp bins is on the x-axis, and average r2-value is on the y-axis. Each
figure shows the results of SNPs with low MAF in the low_info group, and
all SNPs, SNPs with low MAF, and SNPs with high MAF the in high_info
group. (B) Correlation plot between average r2-values of exome SNPs and
imputed SNPs. The average r2-value of imputed SNPs is on the x-axis, and
the average r2-value of exome SNPs is on the y-axis. Each figure shows
the results of SNPs with low MAF in the low_info group, and all SNPs,
SNPs with low MAF, and SNPs with high MAF in the high_info group.
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Figure S2 | Quantile-quantile plot of the P-values for Regional Heritability
Mapping (RHM) with 100-SNP-windows. For each value of simulated
genome heritability (0.20, 0.40, and 0.8), the phenotype was generated,
and then genome heritability was estimated by using model (2). The
estimated genome heritabilities were 0.20 ± 0.07, 0.40 ± 0.07, and
0.80 ± 0.06 for the simulated values of 0.20, 0.40, and 0.80, respectively.
We then performed RHM analyses using 100-SNP window (win100) using
these phenotypes, to obtain empirically a distribution of test statistics
under the null hypothesis. For each genome heritability, a quantile-quantile
plot of the P-values of the RHM analyses with win100 assuming that they
follow either a 50:50 mixture distribution of a χ21 and a pick at 0 or a χ
2
1
distribution are shown. Results of analysis of generated phenotypes with
genome heritability = 0.2, 0.4, and 0.8 are presented. The red circles
represent the −log10(P-value) value assumed as following the χ21
distribution, and the blue triangles represent the −log10(P-value) value
assumed as following the 50:50 mixture (one component mixture is a peak
at 0 and the other is a χ21) distribution. The black line represents where the
dots are expected to fall under the null hypothesis of no association. The
plots show that the 50:50 mixture is more appropriate, and also reflect the
fact that our simulations generated appropriate phenotypes under the null
hypothesis of no phenotype-window correlation.
Figure S3 | The power to achieve 5% genome-wide significance for
100-SNP windows: the case of genome heritability 0.2 and 0.8. The
powers in the simulation study for genome heritability 0.2 and 0.8 were
calculated by regional heritability mapping (RHM) with four different
window sizes (100 SNPs as win100, 50 SNPs as win50, 20 SNPs as
win20, and 10 SNPs as win10), and two single-SNP GWAS methods
(GRAMMAR and GEMMA) in the different situations. The number of QTL
is on the x-axis, and the power to detect QTL is on the y-axis. The results
for genome heritability 0.2 are shown in (A) and 0.8 in (B). The
parameters considered in this simulation are QTL heritability (0.05 or
0.025) and MAF (low or high) in each genome heritability.
Figure S4 | The estimated regional heritability for 100-SNP windows: the
case of genome heritability 0.2 and 0.8. The regional heritabilities in the
simulation study for genome heritability 0.2 and 0.8 were estimated by
regional heritability mapping (RHM) with four different window sizes (100
SNPs as win100, 50 SNPs as win50, 20 SNPs as win20, and 10 SNPs as
win10), and two single-SNP GWAS methods (GRAMMAR and GEMMA) in
the different situations. The number of QTL is on the x-axis, and the
estimated regional heritability is on the y-axis. The results for genome
heritability 0.2 are shown in (A) and 0.8 in (B). The parameters considered
in this simulation are QTL heritability (0.05 or 0.025) and MAF (low or high)
in each genome heritability.
Figure S5 | The power to achieve 5% genome-wide significance in the
gene region: the case of genome heritability 0.2 and 0.8. The powers in
the simulation study for genome heritability 0.2 and 0.8 were calculated
by regional heritability mapping with window size 10 (RHM), single-SNP
GWAS (GEMMA), and three gene-based association approaches (VEGAS,
CCA, and SKAT) in the different situations. The number of QTL is on the
x-axis, and the power to detect QTL is on the y-axis. The results for
genome heritability 0.2 are shown in (A) and 0.8 in (B). The parameters
considered in this simulation are QTL heritability (0.05 or 0.025) and MAF
(low or high) in each genome heritability.
Figure S6 | Quantile–quantile plots for genome-wide association scan for
three eye traits. Quantile-quantile plots of 272,315 SNPs in the
genome-wide association scan were shown for Axial Length, Central
Corneal Thickness, and Spherical Equivalent Refraction by single-SNP
GEMMA analysis. The red circles represent the observed statistics, and
the black line represents where the dots are expected to fall under the
null hypothesis of no association. The plots show that this method
successfully accounts for population stratification.
Figure S7 | Genome-wide plots of −log10 (P-values) for an association
with three eye traits. Manhattan plots for Axial Length, Central Corneal
Thickness, and Spherical Equivalent Refraction analyses by single-SNP
GEMMA are shown. The genomic position is represented along the x-axis
(chromosome number is indicated at the bottom of the plot).
The −log10(P-value) is on the y-axis. The red dotted horizontal line is
drawn at the 5% genome-wide significance. The significant threshold of
genome-wide significance at 5% by Bonferroni correction was P-value =
1.8 × 10−7. For Central Corneal Thickness, there were two significant
SNPs which were reported by Lu et al. (2013).
Figure S8 | Regional association plots for three eye traits near the
significant region by regional heritability mapping (RHM) with window
size 10 (win10). The results of regional association signals
[higher −log10(P-value) > 5.0] are shown for Axial Length, Central Corneal
Thickness, and Spherical Equivalent Refraction by RHM with win10. Plots
were generated using LocusZoom (Pruim et al., 2010), and the color of
each dot represents the SNP’s linkage disequilibrium r2 in the HapMap
Phase II CEU with the labeled SNP (1st SNP within win10 with the lowest
P-value) plotted as a purple diamond. The blue bars show the
recombination rate based on HapMap phase II CEU population, and the
bottom panels illustrate the locations of known genes.
Table S1 | Descriptive statistics for Axial Length, Central Corneal
Thickness, and Spherical Equivalent Refraction.
Table S2 | SNP number and the average distance between SNPs by
chromosome.
Table S3 | Estimated genome heritability for Regional heritability mapping
(RHM) in the high_info group of the simulation study.
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